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How does attention or

Oculomotor decisions:
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TALK OUTLINE

1) Attention modulation
of sensory signals
in macaque V4

2) A spiking network
model of V4 and
its predictions

3) Marmosets as a
model for visual
neuroscience?
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Attention reduces

noise fluctuations
(Mitchell et al, Neuron 2009)

Accounts for 80%
signal improvement
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2D grid of excitatory and
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Model architecture

2D grid of excitatory and
Inhibitory spiking units

Gaussian local _ _Irregular _
connectivity firing pyramids
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Synaptic Conductances:
Tampa = 3 MS
Tavpa = 80 mS, 1, = 0.5 ms
Gauvpa/Gampa = 0.45  (Myme et al, 2003)
casa = 10 ms

Net Synaptic Current:
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Integrate and Fire
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Connectivity:

Shift-invariant 2D Gaussian weights for
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Background:
Independent Poisson events on
excitatory and inhibitory synapses
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Show activity as a raster
of population spiking
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What model parameters are essential
to the shared fluctuations?

- spiking neurons

e strong recurrent connections

- balanced excitation/inhibition

- slower NMDA currents
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Input to both
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inhibitory units
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(Smith & Kohn, 2008;

Sensory input reduces ongoing activity

Churchland et al, 2009)
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(Smith & Kohn, 2008;
Churchland et al, 2009)
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(Smith & Kohn, 2008;

Sensory input reduces ongoing activity

Churchland et al, 2009)
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Sensory input reduces ongoing activity
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Sensory input reduces ongoing activity

Visual Input

(Smith & Kohn, 2008;

Churchland et al, 2009)
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Sensory input reduces ongoing activity  (Smith & Kohn, 2008;
Churchland et al, 2009)
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Sensory input reduces ongoing activity
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Sensory input reduces ongoing activity  (smith & Kohn, 2008;
Churchland et al, 2009)
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Sensory input reduces ongoing activity  (Smith & Kohn, 2008;
Churchland et al, 2009)
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Sensory input reduces ongoing activity  (Smith & Kohn, 2008;
Churchland et al, 2009)
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Summary:

Recurrent networks in a balanced regime
exhibit correlated fluctuations

Feed-forward inputs clamp activity
reducing those fluctuations

Inhibition also clamps out fluctuations
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